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Abstract

We presenta novel keyframe selectionand recanition
methodfor robust marlerlessreal-time camen trading.
Our systemcontainsan ofine moduleto selectfeatues
froma group of referenceimagesand an online moduleto
matc themto the input live videoin order to quickly esti-
matethe camer pose Themain contribution lies in con-
structingan optimal setof keyframesfrom the input refer
enceimages,which are requiredto approximatelycoverthe
entire spaceand at the sametime minimizethe contentre-
dundancyamongstthe selectedframes. This strategy not
only greatly savesthe computation but also helpssigni -
cantly reducethe numberof repeatedeatuessoasto im-
provethecamen tracking quality. Our systenalsoemploys
a parallel-computingschemewith multi-CPU hardware ar-
chitecture. Experimentalesultsshowthat our methoddra-
matically enhanceshe computationefciency and elimi-
natesthejittering artifacts.

1. Intr oduction

Vision-basedcameratracking aimsto estimatecamera
parameterssuchas rotation and translation,basedon the
input images(or videos). It is a foundationfor solving a
wide spectrunmof computewision problemsg.g.,3D recon-
struction videoregistrationandenhancemen®Of ine cam-
eratrackingfor uncalibratedmagesequencesanachiere
accuratecameraposeestimation[14, 23, 29] without re-
quiring high ef ciency. Recentlyreal-timemarklesgrack-
ing [9, 28, 19, 18] hasattractedmuchattention,asit nds
mary new applicationan augmentedeality, mobility, and
robotics.

This paperfocuseson developing a practical realtime
cameratrackingsystemusingthe globallocalization(GL)
schemd?28, 26], whichinvolvesanof ine procesgor space
abstractionusing featuresand an online step for feature
matching. Specially the of ine stepextractssparsanvari-
ant featuresfrom the capturedreferencemagesand uses
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themto representhe scene.The 3D locationsof thesein-
variantfeaturescanbe estimatecby of ine structure-from-
motion (SFM). Afterwards, taking thesefeaturesasrefer
encesthe successie online processs to matchthemwith
thefeaturesxtractedfrom thecapturedive videofor estab-
lishing correspondencemdquickly estimatinghew camera
poses.

GL schemeis rohust to fast movement becauseit
matchedeaturesin a globalway. This also precludeghe
possibility of erroraccumulation.It, however, hasthe fol-
lowing commonproblemsin prior work. First, it is dif cult
to achieve real-timeperformancedueto expensve feature
extraction and matching,even in a relatively small work-
ing space. Second thesemethodsrely excessiely on the
featuredistinctvenesswhich cannotbe guaranteedvhen
the spacescaleis getting large or the scenecontainsre-
peatedstructures. It was obsenred that the matchingreli-
ability descendgjuickly whenthe numberof featuresin-
creaseswhich greatly affectsthe robustnessand practica-
bility of this systemin cameraracking.

In thispaperwe solvetheabove ef ciency andreliability
problemsanddevelopacompletereal-timetrackingsystem
usingthe GL schemeQur contritutionliesin thefollowing
threeways. First, we proposean effective keyframe-based
tracking methodto increaseits practicability in general
cameratrackingfor large scalescenes.A novel keyframe
selectioralgorithmis proposedo effectively reducetheon-
line matchingambiguityandredundang. Thesekeyframes
areselectedrom all referencémagesto abstracthe space
with a few criteria: i) the keyframesshould be able to
approximatethe original referenceimagesand containas
mary salientfeaturesaspossible;ii) the commonfeatures
amongtheséramesareminimumin orderto reducethefea-
turenon-distinctvenessn matchingjii) thefeatureshould
be distributedevenly in the keyframessuchthat given ary
new input framein the sameenvironment,the systemcan
always nd sufcient featurecorrespondencesxdcompute
theaccuratecamergarameters.

Second,with the extractedkeyframes,in the real-time
camerarackingstage we contritute an extremelyef cient
keyframe recognitionalgorithm, which is ableto nd ap-



propriatematchingkeyframesalmostinstantly from hun-
dredsof candidates. Therefore,the computationcan be
greatly saved comparedo the conventionalglobal feature
matching.Finally, we develop a parallel-computingrame-
work for furtherspeed-upRealtimeperformances yielded
with all thesecontritutionsin our key-framecamerarack-
ing system.

2. Related Work

We review cameratracking methodsusing keyframes
andfeature-basetbcationrecognitionin this section.

Real-time Camera Tracking In the pasta few years,
SLAM wasextensiely studied[11, 4, 10, 16, 17] andused
for real-timecamerdracking. SLAM methodsestimatehe
ervironmentstructureandthe camerarajectoryonline,un-
derahighly nonlinearmpartialobsenationmodel. They typ-
ically useframe-to-framematchingand con ning-search-
region stratgies for rapid featurematching. As a result,
they usuallyrun fast. However, drifting andrelocalisation
problemscould be producedwith this schemebecausat
highly relieson the accurag of pastframes.Recentdevel-
opmentmainly concentratean improving the robustness
andaccurag in a larger scalescene. The majorissuesof
this schemencluderelocalisatior{32, 3, 17, 12] aftercam-
eralost, submapmeging andswitching[2], andthe close
loop management31].

If 3D representatiofor the spaces available,real-time
cameratracking can be easierand more robust. Several
markerlessalgorithms[30, 6] have beenproposedo em-
ploy the objects CAD modelto facilitate cameraposees-
timation. However, theseCAD modelsare usually dif -
cult, if notimpossible,to be constructed. Skrypryk and
Lowe [28] proposedmodelingnaturalsceneusinga setof
sparseinvariant features. The developedsystemcontains
two modules,.e. theof ine feature-basedcenemodeling
andonline cameratracking. It runsat low framerate due
to expensve SIFT featureextractionandmatching. It also
highly relies on the distinctvenessof SIFT features,and
is therefordimited to representing relatively smallspace.
This paperfocuseson solvingtheseproblemsn atwo-stage
trackingsystem.

Keyframe-basedVethods Keyframeselectionis acom-
mon techniqueto reducethe dataredundanyg. In thereal-
time cameratracking methodof Klein et al. [16], a setof
online keyframeswereselectedhich facilitatethe bundle
adjustmenfor the 3D maprecovery. In [17], thekeyframes
wereusedfor relocalisatiorwith simpleimagedescriptors.
For model-basedracking, Vacchettiet al. [30] selected
keyframesmanuallyin the of ine mode,and matcheach
onlineframeto a keyframewith the closestvisible area.In
all thesemethods keyframesare selectedmanuallyor by
a simple procedurewhich is not optimal for the tracking

taskwhenthe cameraundegoescomplex motions. In our
method,a setof optimal keyframesare selectedor repre-
sentingandabstractinga space.They arevital for ef cient

onlinefeaturematching.

Feature-based Location Recognition There are ap-
proacheso employ theinvariantfeaturedor objectandlo-
cationrecognition[27, 24, 25, 7, 8, 1]. Thesemethodgypi-
cally extractinvariantfeaturedor eachimage andusethem
to estimatehesimilarity of differentimages For effectively
dealingwith a large-scaleimage databasesa vocahulary
tree[22, 5] wasadoptedo organizeandsearchmillions of
featuredescriptors However, thesemethodsdo not extract
sparsekeyframesto reducethe dataredundang, and can-
notbedirectly usedfor real-timetracking. Theappearance-
basedSLAM methodof Cumminsand Newman [8] con-
siderstheinterdependencamongthe featuresandapplies
the bag-of-words methodwithin a probabilisticframevork
to increasehe speedf locationrecognition.However, the
computatiorcostis still highandit cannotachiere real-time
tracking.

Recently Irscharaet al. [15] proposea fast location
recognitiontechniquebasedn SFM point clouds.In order
to reducethe 3D databasaizeto improve recognitionper
formance syntheticviews areinvolvedto introducea com-
pressed3D scenerepresentationIn contrast,we propose
constructinganoptimalsetof keyframesfrom theinputref-
erencdmageshy minimizinganenegy function,which es-
tablishesa good balancebetweenthe representatiorwom-
pletenesandtheredundang reduction.

3. Framework Overview

We rst give anovervien of our framavork in Table 1.
It containgwo modulesj.e. theof ine feature-basedcene
modelingandonline cameratracking. The of ine module
is responsibldor processingherefeenceimagesandmod-
eling spacewith sparse3D points. In this stage SIFT fea-
tures[21] are rst detectedfrom the referenceimagesto
establishthe multi-view correspondence3.henwe usethe
SFMmethod 33] to estimatehecamergosetogethemwith
the 3D locationsof the SIFT features.

1. Ofine spaceabstraction:
1.1 ExtractSIFT featuresfrom the referencamages,
andrecovertheir 3D positionsby SFM.
1.2 Selectoptimalkeyframesandconstructavocalu-
lary treefor online keyframerecognition.
2. Online real-time cameratracking:
2.1 ExtractSIFT featuresfor eachinput frameof the
incominglive video.
2.2 Quickly selectcandidatekeyframes.
2.3 Featurematchingwith candidatekeyframes.
2.4 Estimatecamergposewith the matchedeatures.

Tablel. Frameavork Overviav



In theonlinemodule we estimateéhecamergarameters
for eachinput framein real-timegiven ary capturedlive
videoin the samespace Insteadof frame-by-framematch-
ing usingall referencemages,in our approachwe select
several optimal keyframesto representhe sceneandbuild
avocahulary treefor onlinekeyframerecognition.For each
onlineframe,we selectappropriatecandidatekeyframesby
afastkeyframerecognitionalgorithm. Thenthelive frame
only needsto be comparedwith the candidatekeyframes
for featurematching. With the estimated3D positionsof
all referencefeatureson keyframesand sufcient 2D-3D
correspondencdsr thelive frame,the camergoosecanbe
reliably estimated.

4. Optimal Keyframe Selection

As describedabove, directly usingall referencemages
for featuredetectiorandonline matchingis notoptimal. To
handlemagegakenwith thecameranoving in amoderate-
scalescenewe proposeselectingkeyframesin orderto in-
creasdhefeaturedetectionef ciency andreducethe possi-
ble matchingambiguity Ourthoughtis to selectanoptimal
subsetof referenceframesto approximatethe 3D space.
Theseframesshould containas mary salientfeaturesas
possibleandat the sametime malke the featuresuniformly
distributedin theervironment.

Sowe de ne the problemasfollows. Giveninputn ref-
erencamages’ = fl;ji = 1;2;:::;ng, we attemptto com-
pute an optimal subset(i.e. keyframeset)F = flyjk =
i1;i2; ik g, whichminimizesthe costde ned in thefunc-
tion E(F; ). ThekeyframenumberK is adapte in our
methodto maximizethe e xibility. E (F ; ') consistof two
terms, i.e., the completenesserm E.(F) and the redun-
dang term E, (F), modelingrespectiely the scenecom-
pletenesandpixel redundang:

E(F;l) = Ec(F)+ E ((F); 1)

where is aweight. The de nitions of the two termsare
describedasfollows.

4.1.CompletenessTerm

The completenestermis usedto constrainthat the se-
lectedkeyframescontainasmary salientSIFT featuresas
possible. For real-timetracking, we requirethat one such
featurecan nd multiple matchedn differentframesso as
to accuratelycomputeits 3D coordinates.

All matchedSIFT featuresarewith the similar descrip-
tors [21]. For reasonsof ef ciency, we clusterthemand
unify their representatiorby averagingthe SIFT descrip-
tors (we usethe 64D descriptors). Each of the resulted
featureclustersis denotedas X, which containsa series
of matchedfeaturesin multiple frames,written as X =
fxiji 2 f(X)g wheref (X) denotesthe referenceimage

setspannedy X . It is notablethatjf (X)j, for all X, must
be larger than 1 becausdf onefeature nds no matchin
otherimagesijts 3D positioncannotbedeterminedWe de-
notef (X) wherejf (X) |j assuperiorfeatuesandthe
setof the superiorfeaturesasV (). | is setto 10  20in
our experiments.

We de ne the salieny of one SIFT featureasthe com-
binationof two factors,i.e. the matchcountof onefeature
in differentreferencamagegf (X )j andthe Difference-of-
Gaussian{DoG) strengthandwrite it as

s(X) = D(X) min(jf (X)j; T); )

whereT is thetruncatedthresholdto preventa long track
oversuppres®thers. It is setto 30 in our experiments.A
largevaluein jf (X)j indicatesa high con denceof match-
ing. D(X) is expresse@ds

D(X) = —o—

1 .
000 Di(xi);

i2f (X)

whereD; denotegheDoG map[21]. D (X) representshe
averageDoG mapfor all featuresn f (X). ThelargerD (X)
is, thehighersalieng thefeaturesetX has.

Despitethe abave two measuresanotheiimportantcon-
straintto male real-timetracking reliable is the spatially
nearuniform distribution of all featuresin the space.lt is
essentiafor nding sufcient matcheswith respecto input
onlineframesin the samespace.

We de ne the featuredensityd(y;) for eachpixel y in
imagei. Its computationis describedn Algorithm 1. With
the densitymapsfor all imageswe de ne thesetdensityas

1

dX) = ——

T

i2f (X)

whered(x;) denoteghefeaturedensityof x; in imagei.

Algorithm 1 Featuredensitycomputatiorfor imagei
1. Initialize all densitiego zerosin themap.
2.forj = 1;::;;m, % m is thefeaturenumberin imagei
for eachpixely; 2 W(x;),
%W isa3l 31lwindow and
%x; is thecoordinateof featurej in imagei
d(yi) +=1.

Finally, our completenestermis de ned as:

s(X) X s(X)

—):( v 7
£ A0

E«(F)=1 (
X2V (F)

)
3)

where controlsthe sensitvity to featuredensity It is set
to 3in ourexperiments.V (F) denoteghe superiorfeature
setin thekeyframesetF.



4.2.RedundancyTerm

The commonfeaturesin differentkeyframesshouldbe
assmall as possiblein orderto reducethe redundang of
featuresandsimplify the extensie featurematching.Since
we have detectedfeaturesetf (X), the redundang mini-
mization problemis equialentto making the featuresin
the samef (X)) distributedto a minimum setof keyframes.
We thereforede ne

E(F) = -

— GFOOVF] 1 @
Vi oy e

wherel5jV (1] is for normalizationjf (X)\ Fj computes
thecopiesof featuresn bothX andthekeyframes.jf (X)\
Fj = 1indicatesnoredundany.

4.3.Keyframe Selection

With anexhaustie searchof all possiblesubsetf I in
thereferencdmageswe cancertainly nd the optimal set
of keyframesthat minimizesthe costin (1). However, it is
not computationallyef cient to enumeratehe 2" subsets.
In [20], with a x ed numberof keyframes,dynamicpro-
gramming(DP) wasusedto searchthe optimalsolutionfor
video summarization.Note that this schemedoesnot suit
oursystembecauseur costfunctionhasamuchmorecom-
plex form andthenumberof keyframesis not x ed. Further
the methodin [20] assumeghat only adjacentframesare
possiblyoverlappedandaccordinglyproposedh greedyal-
gorithmto approximatethe solution. We do not make the
sameassumptionn problemde nition.

Our keyframe selectionprocesss basedon a steepest-
descent-like methodas describedn Algorithm 2. It pro-
ceedsn thefollowing way. To begin with, we constructan
emptyF andthenprogressiely addframes.In eachpass,
a new keyframe that reducesthe mostenengy is addedto
F. This processcontinuesuntil the costcannotbereduced
arnymore. Thecomputatiorcomplexity is O(n?). In our ex-
periments,it takes only a few secondgo nd keyframes
from hundredsor thousandsf images,and the obtained
keyframesare always sufciently goodfor the purposeof
real-timecameraracking.

Algorithm 2 Keyframeselection

1. LetF = ;.
2.1£81; 2f('nFg,E(F[ flig) E(F), exit.

3. Otherwise,| © = argmin, » e g E(F [ flig), and
F = F [ fl%, gotostep2.
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keyframe voting

Figurel. Avocalulary tree All featule descriptos are originally
in the root node and are partitioned hierarchically. Eadc node
hasa weightto representts distinctiveness.

5. FastKeyframe Recognition

With the collected keyframes, we perform keyframe-
basedfeature matchingfor online tracking. However, it
is still costlyto nd all matchesbetweenthe input frame
andthe keyframes,especiallywhenthereexist a consider
ableamountof keyframes. We obsenre thatary input tar
getframeonly coversa small portion of the space;soit is
inevitable that mary keyframesdo not even have the com-
mon contentwith theinput. We thusexcludetheseuseless
framesfrom featurematchingto save computationpy em-
ploying avocalulary basedastselectionalgorithm.

5.1.Vocahkulary TreeConstruction

Givena setof keyframes,we constructa visual vocalu-
lary by hierarchicallyclusteringall the descriptorof supe-
rior features.Our vocalulary treeconstructioris similar to
thatof [22, 25] wherethevocahulary V is organizedasanl
level treewith branchingactorb, andtherootnode(cluster)
containsall descriptors. The K-Meansmethodis usedto
partitionthe descriptorsnto b clustersithenall clustersbe-
comechildrenof theroot node. This procescontinuesye-
cursively partitioningchildrennodesuntil a speci ed level
| is reached.The nal vocahilary treehasjVj nodes,and
eachnodei is attachedwith a meandescriptorof the fea-
turesin the node.Figure 1 givesanillustration. Eachnode
i hasakeyframelist L. Nj(k) denotegshe numberof fea-
turesin keyframek thatareclusteredn nodei.

Eachnodei alsocontainsaweightw;, whichrepresents
its distinctivenessin our systemtheweightis de ned as

K
w; = log —; 5
i gJLiJ (%)

whereK is the numberof all keyframes. The nodecount
jVj is determinedy thebranchingactorb andtreedepthl.
In our experimentswe normallyselect20 50 keyframes,
and each keyframe extracts about 300 500 features.
Thereforewe usuallysetb = 8;| = 5in ourexperiments.



Algorithm 3 Candidat&keyframeselection

1. SetthematchingvalueC(k) = 0 for eachkeyframek.

2. For eachonline frame, the detectedm featuresare
matchedrom the root nodeto leafsin the vocalulary
treeasfollows:

In eachlevel, for eachclosesinodei with weightw; >

for eachk 2 L;,
C(k)+ = Ni(k) w;.

3. SelectK keyframeswith largestC.

5.2.Candidate Keyframe Searching and Matching

In [22, 25], anappearanceectoris usedto describean
image,whereeachelementcorresponds$o onenodein the
vocahulary tree. To constructthe appearanceectorof an
image,eachfeaturedescriptolis simply searchediovn the
treeby at eachlevel comparingthe descriptorvectorto the
b candidateclustercentersandchoosinghetheclosesone.
Thentheweightof thecloseshodein eachlevel is addedo
the correspondinglementf the appearancegector This
processrepeatsuntil all m featuresin the imageare pro-
cessed.

With the built appearanceectors,the similarity of two
imagescanbe estimatedvith vectordistancecomputation.
Directly employing this strateyy for keyframerecognition,
evenwith thesparsegropertyof theappearanceectors(i.e.
only comparenon-zeroelements)resultsin computation
time O(m K), which grows linearly with the numberof
keyframes.

Here, we introducea more ef cient keyframerecogni-
tion algorithm(Algorithm 3 with anillustrationin Figurel).
We emplgy avoting schemesimilar to theoneof [1]. The
computationatompleity is O(m ), wherelC is the av-
eragekeyframenumberof the matchechodesn traversing.
Speci cally, in Algorithm 3, we de ne athreshold to ex-
cludethe non-distinctve nodeswhich are sharedoy mary
keyframes. In experiments,we obsene that the closera
nodeis to the root, the easierit is excludedbecausehese
top-level nodesmostlikely containredundanfeatures.On
thecontrary C is usuallya very smallvaluefor leaf nodes.
This weightingschememakesthe time spenton keyframe
recognitionalmost constanteven with a large numberof
keyframes. The majority of computationis on descriptor
comparison.lt is stablebecausedhe featurenumberm in
eachonline frame,branchingfactorb, andtreedepthl sel-
domchangedrastically

After selectingthe mostrelatedkey framesfor an on-
line image,we performfeaturematching.This is quick be-

Module Time per frame
SIFT featureextraction 110ms
KeyframeRecognition 6ms
Keyframe-basednatching 15ms
Camergposeestimation 20ms
Rendering 10ms

Table2. Procesgimeper framewith a singlethread.

causean of ine KD-tree is independentlyconstructedor
eachkeyframe, which can speedup matching. The out-
liers arerejectedin our systemby epipolargeometrybe-
tweentheonlineframeandkeyframesusingRANSAC [13].
To obtain more matcheswe can utilize matchedfeatures
on the previous frame by nding their correspondences
on the currentframe throughlocal spatialsearching 16].
Onceall matchesarefound,sinceafeaturein thereference
keyframescorrespondso a 3D point in the spacewe use
these2D-3D correspondencdse estimatecamergose[29].

6. Implementation and Results

In this section,we describethe implementationdetails
andshaw our experimentakesults.

6.1.Parallel Computing

Framerateandlateng aretwo key indexesin areal-time
vision system.Framerateis usuallywritten asthe number
of framegthatcanbeprocesseth onesecondandlateng is
the elapsedime betweencapturingandrenderinga frame.
A goodreal-timesystemshouldhave high framerateand
low lateng. Table2 shavs thetime spentin differentsteps
for oneinput frameof the “cubicle' example. Eventhough
we only usea singleworking thread thelateny is assmall
as160ms, andtheframerateis around6 fps. This validates
theef ciency of our keyframe-basedrackingscheme.

We alsoemploy a parallelcomputingtechniqueusinga
multi-core CPU to improve the systemperformance.Our
framework containstwo parallel hierarchies- that s, the
interframe andintra-framecomputations.For inter-frame
processwe assignthe computationtasksfor eachframeto
separateéhreads.Thereforetheframeratecouldbe several
timeshigherthanusinga singleCPU.However, thelateng
is not reducedbecausehe total computatiortime for each
frame doesnot decrease.To tackleit, we assignthe most
expensve computation,.e. featureextractionand match-
ing, to multiple threads.Sincethefeaturesareindependent
of eachother their descriptioncanbe generatedimultane-
ouslyon multiple threadsandonceoneof themis ready it
canbe sentto matchingimmediately With this intra-frame
parallelism the lateny causedy featureextractionis sig-
ni cantly reducedandthelateny causedy matchingcan
basicallybe ignored. Figure 2 illustratesthe parallelcom-
puting diagram. All the modulesare connectedand syn-
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Figure 2. Diagram of our system.lt is dividedto multiple parts
connectedby thread-safebuffers. Different componentsun on
sepaateworkingthreads,andare syndironizedby theframetime
stamp.

chronizedby thread-safdéuffers. Our systencanoperateat
about20fps.

6.2.Experimental Results

All resultsshavn in this sectionandthe supplementary
video ! are producedon a computerwith a 4-core Xeon
2.66GHzCPU. The referenceandlive frames(resolution:
640 480 arecapturediy aLogitechQuick-CamPro9000
videocamera.

We rst shav an indoor cubicle examplein Figure 3.
Figure 3(a) shaws the recorered6167 sparse3D pointsin
theofine stage.Figure3(c) shawvsthe selectedkeyframes
by our method. Thereare only a few commonfeatures
amongtheseframesand they basically cover the entire
space,as shavn in Figure 3(b). The original reference
frames,the capturedive frames,andthe real-timerender
ing of the systemareillustratedin thesupplementaryideo.

Table 3 shavs how settingdifferent  would in uence
keyframeselection.It canbe obseredthatif we select33
keyframes, more than 99% matchedfeaturesin all refer
enceimagesarecoveredin thiskeyframeset,andalmostno
losscanbe causedvhenwe usethemto estimatethe cam-
eraposedor onlineframes.Evenwith only 13 keyframes,
about 70% featuresin the original referenceimagescan
be maintained. The keyframe sparsitymakes online fea-
ture matchingrobust andfast. In our experimentswe set

= 0:1, sinceit maintainamostfeatures.

Ourkeyframerecognitionis very ef cient, whichspends
only 6ms even with a single working thread. Figure 4
shavs the performancecomparison. Comparedto the
appearanceectorbasedmethod[22], our runningtime is
lessvariantto the changeof the keyframenumbers.

1The supplementary video as well as the complete se-
quences can be downloaded from the following website:
http://www .cad.zju.edu.cn/home/gfzhang/mjects/realtimetracking/

Keyframe Feature Feature
Number | Completeness| RedundancyE;
0.01 33 99:64% 0.748824
0.05 28 97:36% 0.503486
0.1 23 93:06% 0.319604
1 13 69:09% 0.063239
10 8 48:58% 0.000649

Table 3. The statisticsof featue completenesand redundancy
with different andkeyframenumbes.
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Figure4. Time spentin keyframerecanition. Thecomputatiorof
the appeaance-vectoibasedmethod 22] growsrapidly with the
keyframe numberwhile our methoddoesnot. Thetotal running
time of our methods short.
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Figure 5. Comparisonof featue matting. Our keyframe-based
methodyieldsmud more reliable matdesthanglobal matding.

For demonstratingthe effectivenessof our method,
we also compareour keyframe-basednatchingwith the
methodof [28]. In [28], a KD tree was constructedfor
all referencdeatures.Eachfeaturein alive frameis com-
paredwith thosein the KD tree. We namethis scheme
global matding to distinguishit from our keyframe-based
matching.Figure5 compareghe real-timematchingqual-
ity betweerthesetwo methodsin theindoor cubicleexam-
ple. It is measureddy the numberof correctmatchesin
processingneonline frame. As illustrated,our keyframe
methodyields muchmorereliablematcheghanthe global
method. With the KD-tree, the matchingtime of eachfea-
tureis O(log M) for globalmatchingwhereM is thetotal
numberof features.For our keyframe-basednatching,the
runningtime is only K O(log m), wherem is the average
featurenumbetin eachkeyframeandK is thenumberof the
candidate&keyframes.

For global matching,the computationtime grows with



(a) The recovered 3D pointsin the of-
ine stage.

(b) Theselectedeyframesviewedin 3D.

(c) Thekeyframes.

Figure3. Theindoor cubicleexample

M. But for our keyframe-basednethod,its computation
timeis relatively morestableanddoesnotgrow with theto-

tal numberof features.In our experimentsfor eachonline
frame, we extract about300 SIFT featuresandthe global
matchingtime is about40ms (M = 6167 with a single
working thread. Our methodonly uses15ms with K = 4.

Theaugmentedesultby insertinga virtual objectis shavn

in our supplementaryideo. Thejittering artifactwhenin-

sertinganobjectinto thelive videois noticeablawith global

matching but notwith our keyframe-basednatching.

Figure 6 shavs anotherexample of an outdoorscene,
containingmary repeatedsimilar structures. The scaleof
the spaceis relatively large. Figure 6(a) shows the recor-
ered615223D points. Theselecte9keyframesareshovn
in Figure 6(b), covering 53:7% of the superiorfeatures.
Pleaseaeferto our supplementaryideo for augmentede-
sultandmoreexamples.

Klein andMurray [16, 17] employed online bundle ad-
justment(BA) with parallelcomputingto avoid of ine 3D
reconstruction.This strategy, however, is not very suitable
for ourexampleghataretakenin relatively largescenedbe-
causeSFM for suchaworkspaceequirescomputationally-
expensve global BA which cannotbe done online. We
havetestedbursequencessingthepublicly accessibleode
PTAM (http://www.robots.ox.ac.uk/gk/PTAM/). Thein-
putframerateis setto 5fpsto give enoughtimeto thelocal
BA thread,andeachsequencés repeatedor the global BA
to corverge. Even so, we found PTAM only succeededh
trackingthe rst half part of the indoor cubicle sequence,
andfailed onthe othertwo outdoorsequencesReadersare
referredto our supplementaryideo for the detailedcom-
parison.

7.Conclusions

In this paper we have presentedan effective keyframe-
basedreal-timecameratracking. In the of ine stage,the
keyframesare selectedrom the capturedreferencémages
basedon a few criteria. For quick online matching,we in-
troducea fast keyframe candidatesearchingalgorithm to
avoid exhaustve frame-by-framematching. Our experi-
mentsshawv thata smallnumberof candidateeferencem-

(a) Therecorered3D featurepoints. (b) Thekeyframesviewedin 3D.
Figure6. An outdoorsceneexample

agesaresufcient for achiezing high coverageof features
in the input images. Comparedto global matching,our

methodnot only simpli es featurematchingand speedst

up, but also minimizesthe matchingambiguity when the
original imagescontain mary non-distinctve features. It

malkescamergposeestimatiornrobust.

Our methodstill haslimitations. If the cameramavesto
a placesigni cantly differentfrom the training keyframes,
thecamergosecannotbeaccuratelyestimatedin practice,
this problemcanbe alleviatedby capturingsufcient refer
enceimagesto cover the space.ln addition, this paperhas
demonstratedhe effectivenessof the proposedkeyframe
selectionandrecognitionmethods.We believe it could be
combinedwith otherframe-to-framerackingschemelike
SLAM, to furtherimprove the efciency. Soonepossible
directionof our future work is to reduceof ine processing
by collectingonline keyframesto updateandextendspace
structureandcombineframe-to-frameracking(suchasthe
SLAM methods}o furtherimprove the performancef our
systemin anevenlargerspace Employing GPUfor further
acceleratiowill beexplored.
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